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ABSTRACT

	Food security is a core issue for global sustainable development, and the rapid advancement of machine learning technologies is driving transformative changes in grain processing and quality inspection. This review systematically elaborates on the fundamental theoretical framework of machine learning in grain processing, encompassing algorithm evolution, intelligent model construction, and data acquisition and processing systems, and conducts an in-depth analysis of grain quality inspection involving method comparison, image recognition and component analysis. We further discuss the core driving forces for the technological progress of grain processing, including the intelligent control of automated equipment, efficiency improvement strategies and real-time monitoring technologies, while critically evaluating the prevailing challenges in standardization, detection accuracy and data security, combined with a retrospective analysis of its historical development and current industrial application status. Finally, we outline the future development trends, emerging technological potential, and relevant policy and regulatory directions of this field. Distinct from existing reviews, this work integrates multidisciplinary research findings to systematically demonstrate how machine learning optimizes grain processing workflows, improves detection accuracy and safeguards food safety, thereby providing theoretical foundations and practical pathways for constructing an efficient, intelligent and sustainable grain industry system.
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1. Introduction
1.1 Evolution of Machine Learning Algorithms in Grain Processing

The application of machine learning in grain processing can be traced back to early traditional statistical models. In recent years, however, advances in algorithmic complexity and data availability have significantly expanded both the depth and breadth of its applications. Early studies employed classical machine learning methods such as k-nearest neighbors (k-NN), decision trees (e.g., J48), multilayer perceptron (MLP) neural networks, and support vector machines (SVMs) for tasks such as seed storage protein classification. Among these methods, k-NN-based models demonstrated superior classification accuracy compared with other approaches (Radhika & Rao, 2015),. For instance, in s[footnoteRef:1]eed storage protein classification, the accuracy of the k-NN algorithm exceeded that of SVM (libSVM) by approximately 5%, highlighting its performance advantage in specific application domains. [1:  ] 

With the expansion of data scale and feature dimensionality, ensemble learning and deep learning approaches have gradually become dominant. For example, in raw food spectral classification, a supervised machine learning workflow combining partial least squares (PLS) regression and SVM classification successfully achieved multiclass classification of seven types of raw foods. The model exhibited strong robustness under varying storage conditions (temperature, time, and packaging), with classification accuracy exceeding 95% (Karnavas et al., 2020). In addition, deep learning techniques such as convolutional neural networks (CNNs) have further improved quality inspection accuracy in grain processing. In chrysanthemum tea classification, deep neural network models trained on raw images achieved an identification accuracy of 89%, significantly outperforming traditional morphology-based feature extraction methods, which achieved only 63% accuracy (Gao et al., 2020).
In recent years, emerging algorithms such as reinforcement learning and transfer learning have also been applied to grain processing optimization. For example, in coffee roasting, a robotic system based on Bayesian optimization and image analysis explored the parameter space to identify optimal foam quality conditions. Through a computer vision feedback loop simulating human corrective behavior, foam quality was improved by approximately 30% (Szymańska & Hughes, 2025). Meanwhile, model interpretability has become a key research focus. In thermosensitive protein prediction, a scoring card method (SCM) combined with g-gap dipeptide estimated propensity scores to construct the SCMTPP model, which achieved an accuracy of 86.5% on an independent test set, with decision processes interpretable via propensity scores (Charoenkwan et al., 2021).
[bookmark: OLE_LINK1]Ensemble learning methods such as random forests and gradient boosting trees have demonstrated advantages in handling high-dimensional data. For instance, in honey adulteration detection, machine learning models based on hyperspectral imaging achieved classification accuracies exceeding 98%, with random forest models achieving up to 95% accuracy for specific honey types (Ahmed, 2024). Overall, the evolution of these algorithms has not only enhanced the intelligence of grain processing systems but also provided effective tools for addressing complex nonlinear problems.

1.2 Intelligent Model Construction for Grain Processing Technologies

The construction of intelligent models for grain processing technologies relies on the integration of multisource data and advanced algorithms, with the core objective of achieving precise process control and quality optimization. In recent years, machine learning-based modeling methods have been widely applied in process parameter optimization, quality prediction, and fault diagnosis. For example, in L-asparaginase production, artificial neural network (ANN) models optimized parameters such as autoclaving time, moisture content, temperature, and pH, resulting in enzyme activity reaching 34.65 ± 2.18 IU/gds. Compared with response surface methodology (RSM) models, the ANN model exhibited lower mean squared error (0.072 vs. 0.125) and a higher coefficient of determination (0.99 vs. 0.95) (Mishra & Sharma, 2021), demonstrating its superiority in capturing nonlinear process relationships. Similarly, in vinegar fumigation processes, hyperspectral imaging (HSI) combined with partial least squares regression (PLSR) enabled quantitative prediction of moisture content (MC), total acid (TA), and amino acid nitrogen (AAN), with prediction correlation coefficients (Rp) of 0.9697, 0.9716, and 0.9098, respectively. The classification model achieved 100% accuracy in identifying fumigated grains (Zhang et al.,2024).
Intelligent model construction must also consider real-time adjustment of dynamic processes and multi-objective optimization. In direct rice seeding equipment design, a kinematic model of rice seed movement within the impeller-guided system was developed. Optimization of parameters such as inner impeller radius (56 mm), blade offset angle (11°), and seeding angle (36°) reduced the coefficient of variation of hill spacing to below 10.1%, representing a 34% improvement over conventional guide tubes (Shang et al., 2024). In beef freezing processes, HSI combined with principal component regression (PCR) and PLSR models successfully predicted freezing point (FP) and moisture distribution, achieving an R²P of 0.76 and an RMSEP of 0.12 for FP prediction (Wei et al ., 2024).
Model interpretability and transparency remain critical challenges. Validation paradigms proposed in clinical generative AI research emphasize interpretability of model decision processes, an approach that is equally applicable to grain processing to ensure compliance with industry standards and regulatory requirements (Bragazzi & Garbarino, 2024). In the future, physics-informed machine learning models, such as physics-informed neural networks (PINNs), are expected to further improve modeling accuracy and generalization capability, promoting more intelligent and efficient grain processing technologies.

1.3 Data Acquisition and Processing in Grain Processing

Data acquisition and processing form the foundation of intelligent grain processing systems. The key lies in obtaining high-fidelity, multidimensional process data and extracting valuable information through advanced analytical methods. Recent advancements in sensor technologies and data processing approaches have significantly improved data acquisition efficiency and quality.
For instance, in grain drying processes, near-infrared spectroscopy (NIRS) combined with partial least squares discriminant analysis (PLS-DA) achieved classification accuracies of 99.03% for low maturity and 99.35% for high maturity apples (Guo et al., 2024). In processing environment monitoring, electronic nose (e-nose) systems analyzed volatile organic compounds (VOCs) to enable real-time beef quality monitoring. Despite higher noise levels under uncontrolled conditions, machine learning algorithms effectively distinguished beef samples with different freshness levels (Wijaya & Zulaika, 2018).
Optimized data processing methods are crucial for maximizing data value. In honey adulteration detection, hyperspectral imaging data processed through feature selection (e.g., competitive adaptive reweighted sampling) and dimensionality reduction achieved classification accuracies exceeding 98% when combined with SVM models (Ahmed, 2024). In grain composition analysis, gas chromatography–mass spectrometry (GC-MS) combined with principal component analysis (PCA) successfully identified flavor compounds in ice cream, such as furfural and furfuryl alcohol (Mu et al., 2023).
Data fusion techniques further enhance detection accuracy. For example, in wheatgrass juice quality assessment, Fourier transform infrared (FTIR) spectroscopy and surface-enhanced Raman spectroscopy (SERS), combined with ultrasound (US) and pulsed electric field (PEF) treatments, significantly increased total phenols, flavonoids, and chlorophyll content while reducing microbial counts (Ahmed et al., 2021).
Data security and privacy protection are also critical considerations. In grain supply chains, blockchain combined with machine learning has been used to construct tamper-proof traceability systems, ensuring data integrity and traceability (Yin et al., 2025). Edge computing technologies further reduce privacy risks by minimizing data transmission. For instance, in small-scale juice extraction systems, ESP32-based wireless sensors enabled real-time monitoring of raw material weight and product yield, with local data processing reducing exposure risks (Kim et al., 2025). With the widespread adoption of 5G and IoT technologies, data acquisition in grain processing will become increasingly real-time and comprehensive, while privacy-preserving techniques such as federated learning will facilitate data sharing and collaborative modeling.


2. LITERATURE SEARCH STRATEGY AND SELECTION CRITERIA

To ensure the completeness and reproducibility of the literature search, we utilized multiple databases to gather relevant research articles, including Web of Science, CNKI, ScienceDirect, and IEEE Xplore. The search terms included "machine learning," "grain processing," "grain quality inspection," "hyperspectral imaging," "CNN," "XGBoost," and their combinations. Studies published between 2020 and 2025 were selected to reflect the most recent developments in the field. The inclusion criteria focused on articles that addressed machine learning applications in grain processing and quality inspection, with an emphasis on algorithmic advancements, sensor technologies, and data systems. Articles were excluded if they did not focus on machine learning methods, lacked peer review, or were not relevant to the grain industry.


3. Machine Learning Applications in Grain Quality Inspection

3.1 Comparison of Machine Learning Methods for Grain Quality Detection

Significant performance differences exist among machine learning methods used for grain quality inspection, and method selection should be based on detection objectives, data types, and application scenarios. Traditional machine learning methods such as SVM, random forest (RF), and k-NN are efficient for low-dimensional data, whereas deep learning methods such as CNNs and recurrent neural networks (RNNs) exhibit superior performance on high-dimensional image and sequential data. For example, in chrysanthemum tea classification, traditional models based on morphological features (e.g., SVM) achieved only 63% accuracy, whereas CNN models operating directly on raw images achieved 89% accuracy (Gao et al., 2020). In honey adulteration detection, RF models achieved an AUC of 0.93 and classification accuracy of 0.87, outperforming SVM and k-NN methods (Magarelli et al., 2024).
Deep learning approaches excel particularly in image recognition and hyperspectral data analysis. In rice quality inspection systems, computer vision and deep learning-based models achieved 99% accuracy in detecting grain length, width, weight, yellowness, breakage rate, and chalkiness, with 98.8% accuracy in classifying broken and intact grains (Zia et al., 2022). In fruit quality detection, CNNs combined with HSI achieved over 95% accuracy in detecting apple moldy core disease (Yang et al., 2025). In grain composition analysis, deep learning models such as ResNet and Inception outperformed traditional PLS models in spectral data processing; for instance, in vitamin C detection, deep learning models achieved an RMSEP of 0.06 μg/mL, compared with 0.12 μg/mL for HPLC (Wu et al., 2023).
Ensemble learning methods further enhance detection performance by integrating predictions from multiple base models. In honey composition analysis, bagged tree ensemble models achieved an identification accuracy of 79.3% across nine product types (Covaciu et al., 2024). In food safety detection, XGBoost-based models achieved AUC values exceeding 0.90 in classifying drug-induced liver injury (DILI)-related content (Chen et al., 2024). Transfer learning has effectively addressed small-sample challenges; for example, a fine-tuned YOLOv8 model achieved 52.8% accuracy in classifying tomato maturity stages, with a 35% improvement in inference speed after optimization (Saxena et al., 2025). These findings underscore the importance of selecting and optimizing machine learning methods according to data characteristics.

3.2 Image Recognition Technologies in Grain Inspection

The application of image recognition technologies in grain inspection has evolved from traditional machine vision systems relying on handcrafted feature extraction to intelligent recognition paradigms driven by deep learning. The core objective of this transition is to achieve rapid, non-destructive, and high-precision detection of grain appearance, morphology, and internal quality attributes. By automatically learning hierarchical feature representations, deep learning models have significantly improved detection accuracy and robustness. For instance, in rice panicle grain counting tasks, models based on Faster R-CNN combined with Feature Pyramid Networks (FPN) have achieved detection accuracies as high as 99.4%, demonstrating strong adaptability to variations in illumination, moisture content, and rice cultivars (Deng et al., 2021).

Deep learning models have shown remarkable performance in complex inspection scenarios. In grain mold detection, convolutional neural network (CNN)-based models achieved classification accuracies of 97.78% and 93.33% on training and test datasets, respectively, for maize kernels with varying degrees of mold contamination (Chu et al., 2016). In the field of agricultural robotics, an improved U-Net-based model achieved a tomato maturity recognition accuracy of 94.01%, representing a 15% improvement over traditional methods (Li et al., 2022). These applications not only substantially enhance inspection efficiency but also provide critical technological support for automated production and precision agriculture.
Future development trends focus on multimodal data fusion and enhanced real-time processing capabilities. For example, in grain processing monitoring, deep learning models integrating hyperspectral imaging (HSI) have enabled real-time prediction of wheat flour moisture content, achieving a root mean square error of prediction (RMSEP) of 0.5678 °Brix (Guo et al., 2024). In food service robotics, systems equipped with RGB-D cameras can simultaneously detect tableware positions and food residues, reaching processing speeds of up to 34 frames per second (Zhu et al., 2022). The proliferation of mobile image recognition technologies has further facilitated on-site inspection; for instance, smartphone-based Thai dietary assessment systems utilizing YOLOv7 models can rapidly identify food items and estimate nutritional components (Chotwanvirat et al., 2024). With continued advancements in edge computing and lightweight models such as MobileNet and EfficientNet, image recognition technologies are expected to achieve broader and deeper applications in grain inspection.

3.3 Machine Learning Models for Grain Component Analysis

Grain component analysis is a critical aspect of ensuring food safety and nutritional quality. The integration of machine learning models with modern analytical techniques, such as spectroscopy and mass spectrometry, has significantly improved analytical efficiency, accuracy, and non-destructiveness. While traditional methods such as high-performance liquid chromatography (HPLC) and gas chromatography (GC) offer high accuracy, they are time-consuming and labor-intensive. In contrast, machine learning-enabled analytical paradigms provide efficient alternatives. For example, in vitamin B6 detection, logistic models applied to microbiological assays exhibited higher reliability at low concentration ranges compared to linear regression models (Suzuki et al., 2018). In the construction of global nutrient databases, random forest and XGBoost models have effectively predicted national nutrient intake levels based on food supply data, achieving correlation coefficients exceeding 0.8 with survey-based measurements (Schmidhuber et al., 2018).

The combination of spectroscopic techniques and machine learning has become a dominant approach in component analysis. In vitamin C detection in honey, the HPLC-ECD method achieved a limit of detection (LOD) as low as 0.0043 μg/mL, with sensitivity approximately ten times higher than that of traditional titration methods (Wu et al., 2023). For elemental analysis in rice, inductively coupled plasma mass spectrometry (ICP-MS) combined with microwave digestion enabled the simultaneous determination of 41 elements, with recovery rates ranging from 90% to 120% (Puente et al., 2024). In fatty acid profiling, gas chromatography with flame ionization detection (GC-FID) coupled with random forest models achieved an identification accuracy of 79.3% across nine common food products (Covaciu et al., 2024). These methods substantially reduce analysis time while lowering operational costs.

Machine learning models demonstrate superior performance in handling complex matrices and multi-component systems. In melamine detection in milk, CNN models combined with surface-enhanced Raman spectroscopy (SERS) achieved a detection limit of 0.14 mg/mL (Gezer et al., 2016). In grain mycotoxin analysis, hyperspectral imaging combined with partial least squares (PLS) models enabled the prediction of aflatoxin B1 concentrations with accuracies exceeding 90% (Akdemir Evrendilek et al., 2022). In food fraud detection, non-targeted metabolomics integrated with ensemble machine learning models effectively identified unknown adulterants, achieving an F1 score of 0.8657 (Chung et al., 2022). Looking ahead, hybrid models integrating multi-omics data—such as genomics and metabolomics—with deep learning are expected to further expand the scope and precision of component analysis, establishing a more comprehensive technological framework for food security.

3.4 Comparison of Machine Learning Algorithms for Grain Processing
To enhance the analysis of machine learning algorithms applied to grain processing, we have compared three widely used algorithms: CNN, PLS, and XGBoost. The following table summarizes their key attributes:
	Algorithm
	Accuracy
	Training Time
	Computational Cost
	Best Use Case

	CNN
	89%
	High
	High
	Image-based grain quality inspection

	PLS
	85%
	Medium
	Low
	Spectral data analysis (e.g., moisture content)

	XGBoost
	90%
	Low
	Medium
	Tabular data with structured features



CNN: Excellent at extracting complex features from image data but requires high computational resources.
PLS: Suitable for spectral data but may not handle complex nonlinearities as effectively as CNN.
XGBoost: Ideal for structured, tabular data and provides strong performance with lower computational demands compared to CNN.

4. Advances in Machine Learning-Driven Grain Processing Technologies
4.1 Intelligent Control of Automated Grain Processing Equipment

Intelligent control represents a cornerstone of automated grain processing equipment and a key enabler of Industry 4.0. By integrating machine learning algorithms with advanced sensing technologies, processing equipment is endowed with autonomous decision-making and precise operational capabilities. In recent years, intelligent control has been widely applied in parameter optimization, fault diagnosis, and process regulation. For example, in coffee roasting, real-time monitoring systems based on single-photon ionization time-of-flight mass spectrometry (SPI-TOFMS) combined with partial least squares regression (PLSR) successfully predicted roasting degree and antioxidant capacity, with RMSEP values of 6.0 and 139 mg GAE/L, respectively (Heide et al., 2020). In tomato harvesting robots, fruit peel microstructure models constructed using improved Voronoi algorithms provided a scientific basis for precise gripping force control, increasing harvesting success rates by 15% (Xie et al., 2024).
Intelligent control technologies significantly enhance equipment adaptability and operational efficiency. In rice seeding equipment, optimization of structural parameters of the impeller-based seed-guiding device (inner impeller radius of 56 mm, blade offset angle of 11°, and seeding angle of 36°) reduced the coefficient of variation in hill spacing to below 10.1%, while improving operational efficiency by 34% compared to conventional designs (Shang et al., 2024). In Baijiu distillation processes, lightweight YOLOv5n models enabled real-time detection of surface temperature variations in fermented grains, achieving a 0.6 improvement in mean average precision (mAP) while reducing model parameters by 28.6% (Liu et al., 2024).
Future developments will emphasize the integration of edge computing with cloud platforms, multimodal data-driven decision-making, and human–machine collaboration. For instance, in intelligent greenhouses, the combination of ESP32-based sensor systems and YOLOv8 models enables real-time tomato maturity monitoring and remote closed-loop control (Saxena et al.,2025). The application of digital twin technology allows high-fidelity virtual simulation and real-time parameter optimization of processing operations (Purlis et al., 2024). In grain drying equipment, AI-integrated control systems can dynamically adjust drying parameters based on real-time operating conditions, resulting in energy savings of up to 20% (Hu et al., 2025). The deep integration of these technologies is expected to drive grain processing equipment toward greater intelligence, efficiency, and sustainability.

4.2 Machine Learning Strategies for Enhancing Grain Processing Efficiency

Machine learning strategies enhance grain processing efficiency primarily through process parameter optimization, advanced process control, and efficient resource utilization. Data-driven intelligent decision-making can effectively shorten processing cycles, reduce energy consumption, and simultaneously improve product quality. For example, in L-asparaginase production, artificial neural network (ANN)-based models optimized key process parameters, resulting in a 36% increase in enzyme activity compared to traditional methods (Mishra et al., 2021). In the development of mulberry leaf tea-fortified milk, response surface methodology (RSM) optimized ingredient proportions, increasing melatonin and total phenolic contents to 1.49 ng/mL and 0.72 mg GAE/mL, respectively (Sangsopha et al., 2019).
Process parameter optimization remains the primary driver of efficiency improvement. In high-pressure processing (HPP) of orange juice, Box–Behnken design-based optimization models achieved vitamin C retention rates of up to 95%, while reducing microbial counts by 3 log CFU/mL (Yan et al., 2022). In grain drying applications, innovative approaches combining ultrasound and ethanol pretreatment reduced drying time by more than 50% while preserving heat-sensitive compounds such as anthocyanins (Augusto et al., 2020). In extrusion processing, RSM optimization of mulberry leaf processing parameters (barrel temperature of 114 °C, moisture content of 20%, and screw speed of 232 rpm) increased flavonoid extraction yields by 63% (Kim et al., 2020).
Process control and predictive maintenance constitute another critical strategy. Machine learning-based predictive models can identify potential equipment failures in advance, reducing unplanned downtime by approximately 30% (Zhang et al., 2025). In supply chain management, traceability systems integrating blockchain and machine learning enable transparent lifecycle monitoring, reducing product recall costs by 40% (Yin et al., 2025). Additionally, machine learning-based demand forecasting models can improve inventory turnover rates by up to 25% (Jin et al., 2025). As digital twin technology and real-time data processing continue to mature, machine learning strategies are expected to play an increasingly pivotal role in enhancing grain processing efficiency.

4.3 Real-Time Monitoring Technologies in Grain Processing

Real-time monitoring technologies are critical for ensuring the stability of grain processing operations and the consistency of product quality. Their core principle lies in the integration of sensors with machine learning algorithms to enable real-time perception and feedback of processing parameters, product quality, and equipment status. In recent years, advances in spectroscopic, mass spectrometric, and electrochemical sensor technologies, combined with the data-processing capabilities of machine learning, have significantly improved monitoring accuracy and response speed. For example, in dairy processing, near-infrared spectroscopy (NIRS) combined with partial least squares (PLS) models enabled real-time monitoring of urea content in process water, achieving a root mean square error of prediction (RMSEP) of 12 ppm (Skou et al., 2016). In grain drying processes, terahertz technology combined with PLS-DA models enabled real-time detection of starch retrogradation, with coefficients of determination (R²) exceeding 0.95 (Wang et al., 2021).
The application scenarios of real-time monitoring technologies continue to expand. In food processing, dielectric barrier discharge ionization (DBDI) mass spectrometry systems have been employed to monitor volatile compounds during wheat bread baking in real time, dynamically recording chemical fingerprints throughout the process (Weidner et al., 2023). In grain mold detection, electronic nose systems combined with machine learning models achieved real-time identification of moldy grains with an accuracy of 93.33% (Chu et al., 2016). In juice processing, real-time monitoring systems based on weight sensors enabled automatic measurement of raw material and product weights, while machine learning algorithms were used to optimize juicing parameters (Kim et al., 2025). These technologies not only enhance process controllability but also provide robust data support for product quality traceability.
Future development trends in real-time monitoring include multimodal sensor fusion, collaborative architectures integrating edge computing and cloud platforms, and the construction of intelligent decision-making systems. For instance, in smart greenhouses, ESP32-based sensor systems combined with YOLOv8 models have enabled real-time monitoring and remote control of tomato growth environments (Saxena et al., 2025). In food processing, digital twin-based models can simulate processing operations and enable real-time parameter optimization (Purlis et al., 2024). In addition, in grain safety inspection, systems integrating blockchain and machine learning can achieve full life-cycle traceability of products (Yin et al., 2025). The convergence of these technologies will drive real-time monitoring toward greater intelligence, efficiency, and comprehensiveness, providing a solid foundation for quality assurance in grain processing.

5. Practices and Challenges in Grain Quality Inspection
5.1 Standardization Issues in Grain Quality Inspection

Standardization in grain quality inspection is fundamental to ensuring the comparability and reliability of detection results. However, its implementation faces numerous challenges, including the diversity of analytical methods, variability in equipment, and inconsistencies in data processing. In recent years, machine learning has provided new solutions for standardization by enabling unified data-processing workflows and model calibration, thereby improving result consistency. For example, in vitamin C determination in honey, standardized HPLC-ECD methods reduced inter-laboratory detection errors to below 5% (Wu et al., 2023). In mycotoxin detection in grains, standardized workflows based on hyperspectral imaging (HSI) and PLS models reduced detection limits to 2.0 ng/g (Ma et al., 2022).
A key challenge in standardization lies in method validation and regulatory acceptance. For instance, in styrene migration testing from food contact materials, significant inter-laboratory variability was observed when using GC-MS methods. Through standardized sample preparation and instrument parameter settings, relative standard deviations (RSDs) were reduced to below 10% (Ajaj et al., 2021). In elemental analysis of grains, ICP-MS methods calibrated using certified reference materials (e.g., NIST 1568b) achieved recovery rates ranging from 90% to 120% (Puente et al., 2024). Moreover, in food labeling inspection, XGBoost-based models achieved AUC values exceeding 0.90 for classifying drug-induced liver injury (DILI)-related content, providing technical support for label standardization (Chen et al., 2024).
Future directions in standardization include harmonization of international standards, automation of analytical methods, and the development of data-sharing platforms. For example, in food authenticity testing, metabolomics combined with machine learning achieved classification accuracies of 97.8% for honey from different geographical origins (Magarelli et al., 2024). In grain quality inspection, smartphone-based detection systems achieved comparability with laboratory methods through standardized sensor calibration procedures (Younis et al., 2025). Furthermore, in global food security monitoring, CubeSat constellation-based remote sensing data combined with machine learning enabled real-time crop monitoring and standardized assessment (Johansen et al., 2022). These efforts will promote more regulated and reliable grain quality inspection practices.

[bookmark: OLE_LINK2]5.2 Accuracy and Reliability of Grain Inspection Results 

Accuracy and reliability are the core of grain inspection and prerequisites for food safety, whose evaluation hinges on precision, accuracy, sensitivity and specificity. Despite the remarkable improvement of detection performance by machine learning models, these models still confront challenges in data quality, generalization ability and validation methodologies. For instance, hyperspectral imaging-based machine learning models achieved over 98% classification accuracy in honey adulteration detection, yet a 5–10% misclassification rate remained for specific types (e.g., C1 clover) (Ahmed et al., 2024). In mycotoxin detection, HSI-PLS models yielded over 90% prediction accuracy for aflatoxin B1, while errors persisted in the low-concentration range (<1μg/kg) (Akdemir et al., 2022).
Method validation is critical to guarantee inspection accuracy. In vitamin C analysis, the HPLC-ECD method reached a limit of detection (LOD) of 0.0043 μg/mL, with intra- and inter-day RSDs of 2.51%–5.15% (Wu et al., 2023). For grain elemental analysis, ICP-MS methods calibrated with certified reference materials achieved a recovery rate of 90–120% (Puente De La Cruz et al., 2024). In food fraud detection, non-targeted metabolomics combined with machine learning identified unknown adulterants with an F1 score of 0.8657 (Chung et al., 2022). The implementation of such validation strategies has notably enhanced the reliability of grain inspection results.
5.3 Data Security and Privacy in Grain Quality Inspection

Data security and privacy protection are critical issues in the intelligent development of grain quality inspection. With the increasing volume of data acquisition and sharing, ensuring data confidentiality, integrity, and availability has become a major challenge. In recent years, blockchain, encryption technologies, and access control mechanisms have provided new solutions for data security. For example, blockchain-based food traceability systems enable immutable recording of product life-cycle data, while integration with machine learning models facilitates rapid identification of fraudulent activities (Yin et al., 2025). In data sharing for grain inspection, federated learning enables collaborative model training across institutions without sharing raw data, significantly enhancing privacy protection.
Data security challenges also include risks of data leakage, tampering, and misuse. In grain supply chains, sensor data transmission and storage are vulnerable to cyberattacks; the use of encryption techniques and edge computing can reduce data exposure risks (Kim et al., 2025). During machine learning model training, data poisoning attacks may degrade model performance, but robustness training and anomaly detection methods can improve resistance to such attacks (Kong et al., 2021). Furthermore, in food labeling inspection, XGBoost-based models handling sensitive information must comply with data protection regulations such as the General Data Protection Regulation (GDPR) (Chen et al., 2024).
Future directions in data security and privacy protection include the application of privacy-preserving computation techniques, the establishment of data governance frameworks, and the improvement of legal and regulatory systems. For example, homomorphic encryption enables data analysis in encrypted states, ensuring privacy during grain inspection data processing (Kong et al., 2021). Edge computing architectures allow local data processing in intelligent food systems, reducing transmission-related risks (Yin et al., 2025). In global food security monitoring, data-sharing frameworks can balance data utilization with privacy protection (Johansen et al., 2022). These efforts will promote safer and more trustworthy grain quality inspection systems.

6.Historical Development and Current Status of Machine Learning in Grain Processing and Inspection

6.1Historical Evolution of Machine Learning in Grain Processing

The application of machine learning in grain processing dates back to the 1990s. With the development of statistical learning theory, traditional methods such as SVMs and decision trees were applied to process parameter optimization and quality inspection. In the early 21st century, increasing data availability and computational power facilitated the adoption of deep learning, driving grain processing toward intelligent systems. For example, in seed storage protein classification, early k-NN models outperformed decision tree (J48), MLP, and SVM approaches in classification accuracy (Radhika et al., 2015). In grain drying processes, PLS-based models enabled moisture content prediction, laying the foundation for early intelligent processing systems (Guo et al., 2024).
The rise of deep learning has substantially enhanced the intelligence of grain processing. In chrysanthemum tea classification, CNN-based models achieved 89% accuracy, representing a 26% improvement over traditional morphology-based methods (Gao et al., 2020). In rice seeding equipment, optimization combining kinematic modeling and machine learning reduced the coefficient of variation of hill spacing to below 10.1% (Shang et al., 2024). In food packaging inspection, U-Net-based models achieved 96% accuracy in detecting image splicing tampering (Hao et al., 2024). These applications mark the transition of grain processing into a data-driven intelligent era.
The historical evolution of machine learning also reflects increasing integration between algorithms and application scenarios. In L-asparaginase production, early RSM models were gradually replaced by ANN models due to superior predictive accuracy (Mishra et al., 2021). In grain composition analysis, traditional HPLC methods have increasingly been combined with machine learning to enable faster analysis (Wu et al., 2023). In food fraud detection, the integration of non-targeted metabolomics and machine learning has introduced novel detection paradigms (Chung et al., 2022). These developments have not only improved processing efficiency but also expanded the methodological toolkit for addressing complex problems.

6.2 Current Level of Intelligence in Grain Processing and Quality Inspection

Grain processing and quality inspection have attained notable intelligent progress, with machine learning being extensively applied in process optimization, quality inspection, process control and supply chain management. Data-driven decision-making has significantly improved processing efficiency, product quality and resource utilization efficiency. For example, BPPM model-based systems realized real-time process monitoring in intelligent bread baking, increasing bread volume by more than 10% (Lee et al., 2023); CBCM model-based systems accurately distinguished roasting stages in coffee roasting, achieving a 99.27% classification accuracy (Kim et al., 2024).
The advancement of intelligence is also embodied in equipment automation and system integration. ESP32-based sensor systems combined with YOLOv8 models enabled real-time monitoring and remote control of tomato maturity in smart greenhouses (Saxena et al., 2025); digital twin-based models simulated processing operations and realized real-time parameter optimization in food processing (Purlis et al., 2024); blockchain-machine learning integrated systems achieved full life-cycle traceability of grain products in safety inspection (Yin et al., 2025). These integrated technologies are driving grain processing and inspection toward higher intelligence, efficiency and sustainability.
Nevertheless, the intelligent development still faces prominent challenges, including poor model interpretability, lack of data standardization and low technology accessibility. The black-box characteristic of deep learning models impairs decision interpretability and restricts their application in critical scenarios (Bragazzi et al., 2024); data heterogeneity across different devices and detection methods hinders cross-scenario data integration (Kim et al., 2025); cost and technical barriers limit the deployment of intelligent technologies in developing countries (Cervantes et al., 2022). Future advances in lightweight models, edge computing and open-source platforms are expected to promote the widespread application of intelligent technologies in the grain industry.

6.3Current Applications of Machine Learning in the Grain Industry

Machine learning applications in the grain industry now span the entire value chain, from cultivation and processing to distribution and consumption. In the cultivation stage, models are used for crop growth prediction, pest and disease detection, and resource management. For example, satellite remote sensing data combined with machine learning achieved yield prediction correlations of 0.85 in wheat cultivation (Chang et al., 2021). CNN-based models achieved over 95% accuracy in detecting wheat rust disease (Sinshaw et al., 2022).
In the processing stage, machine learning models are applied to process optimization, quality inspection, and equipment maintenance. In L-asparaginase production, ANN-based models optimized production parameters, increasing enzyme activity by 36% (Mishra et al., 2021). In grain drying, ultrasound and ethanol pretreatment reduced drying time by over 50% (Augusto Pedro Esteves Duarte et al., 2020). In food packaging inspection, U-Net-based models achieved 96% accuracy in detecting image splicing tampering (Hao et al., 2024).
In the sales and consumption stages, machine learning supports demand forecasting, personalized recommendations, and food safety traceability. Time series analysis combined with machine learning enables accurate demand forecasting and reduced inventory costs (Al Mamun et al., 2021). Personalized nutrition systems recommend foods based on individual health data using machine learning models (Little et al., 2021). Blockchain-integrated machine learning systems enhance traceability and food safety (Yin et al., 2025).
Challenges in current applications include data quality, model generalization, and interdisciplinary collaboration. Model performance degrades significantly in small-sample scenarios (Chang et al., 2021), and cross-regional deployment requires recalibration to account for environmental differences (Jia et al., 2021). Additionally, limited interdisciplinary expertise and collaboration mechanisms hinder industry-wide adoption (Cervantes et al., 2022). Continued technological advances and active industry participation are expected to drive broader and deeper application of machine learning in the grain sector.

7.FUTURE PERSPECTIVES OF MACHINE LEARNING IN GRAIN PROCESSING AND INSPECTION

7.1 Future Trends in Intelligent Grain Processing and Inspection

Future trends in intelligent grain processing and inspection will center on data-driven approaches, intelligent decision-making, green sustainability, and human–machine collaboration. Multimodal data fusion will become mainstream, integrating spectral, mass spectrometric, imaging, and sensor data for comprehensive process monitoring and quality assessment. For example, models combining spectroscopy and metabolomics provide more accurate nutritional information in grain composition analysis (Jiang et al., 2025). Digital twin-based models enable real-time parameter optimization in food processing (Purlis et al., 2024).
Collaboration between edge computing and cloud platforms will enhance processing efficiency and real-time performance. ESP32-based sensor systems combined with edge computing enable local data processing and reduced latency in smart greenhouses (Saxena et al., 2025). Blockchain-based cloud platforms facilitate secure data sharing and traceability in food supply chains (Yin et al., 2025). Lightweight models and hardware acceleration technologies will further improve portability and cost-effectiveness of intelligent devices (Ramachandran et al., 2025).
Green and sustainable development will be a central objective. AI-based control systems can reduce energy consumption by 20% in grain drying through real-time parameter adjustment (Hu et al., 2025). Machine learning optimization can reduce raw material waste and wastewater discharge in food processing (Liu et al., 2022). Demand forecasting models improve supply chain efficiency by reducing inventory and transportation costs (Al Mamun et al., 2021).
Human–machine collaboration will further enhance system adaptability and reliability. Augmented reality-based systems can provide real-time operational guidance in food processing equipment (Fuentes et al., 2021). Hybrid inspection models combining human expertise and machine precision improve detection performance (Bragazzi et al., 2024). These trends will collectively drive grain processing and inspection toward greater intelligence, efficiency, and sustainability.

7.2 Potential Applications of Emerging Machine Learning Technologies in the Grain Industry

Emerging machine learning technologies—including deep learning, reinforcement learning, transfer learning, and federated learning—offer substantial potential for addressing industry challenges. Deep learning will continue to advance image recognition, natural language processing, and predictive analytics. For example, CNN-based models enable rapid identification of mold severity levels in grains (Chu et al., 2016), while BERT-based models accurately detect sensitive information in food labels (Chen et al., 2024).
Reinforcement learning will enhance autonomous decision-making in process optimization and control. In grain drying, reinforcement learning models dynamically adjust parameters to balance energy consumption and product quality (Hu et al., 2025). In food processing equipment, reinforcement learning optimizes operational workflows to improve efficiency (Heide et al., 2020). Transfer learning addresses small-sample challenges by enabling rapid adaptation of pretrained models to new crop varieties or inspection tasks (Sinshaw et al., 2022).
Federated learning enhances data privacy by enabling collaborative model training without sharing raw data across institutions (Kong et al., 2021). Generative adversarial networks (GANs) also show promise in food design, enabling the generation of novel food formulations and accelerating product development (Queiroz et al., 2023). The adoption of these emerging technologies is expected to drive transformative changes in the grain industry, enhancing competitiveness and sustainability.

7.3 Policy and Regulatory Directions for Intelligent Grain Processing and Inspection

Policy and regulatory frameworks for intelligent grain processing and inspection will focus on standard setting, technology assessment, data governance, and international collaboration to ensure safe, reliable, and sustainable application of advanced technologies. Standardization efforts will address validation criteria for machine learning models, data format specifications, and equipment interface standards (Younis et al., 2025). Blockchain-based standards will ensure authenticity and traceability in food supply chains (Yin et al., 2025).
Technology assessment will emphasize model interpretability, robustness, and ethical considerations. Validation paradigms developed for clinical generative AI can be adapted to assess grain processing models (Bragazzi et al., 2024). Data governance policies will regulate data collection, storage, and usage to protect privacy (Kong et al., 2021). Regulatory sandbox mechanisms will provide controlled environments for testing emerging technologies while balancing innovation and risk (Yin et al., 2025).
International cooperation will be critical for global food security and intelligent development. CubeSat-based remote sensing data sharing will improve coverage and accuracy of global crop monitoring (Johansen et al., 2022). International organizations will promote harmonization and mutual recognition of food safety standards (Cervantes et al., 2022). Capacity-building initiatives in developing countries will enhance accessibility of intelligent technologies (Cervantes et al., 2022).
Policy support will encourage collaboration between enterprises and research institutions to promote innovation and industrialization. Governments may provide financial incentives and tax benefits to encourage adoption of intelligent technologies in grain processing (Hu et al., 2025). In talent development, policies will support interdisciplinary education to cultivate professionals skilled in intelligent systems (Cervantes et al., 2022). Together, these policy and regulatory directions will create a favorable environment for the healthy and sustainable development of intelligent grain processing and inspection.

7.4 Cost-Benefit Analysis and Adoption Barriers for Small-Scale Processors

While the technological performance of machine learning models in grain processing has been discussed, it is equally important to address cost-benefit analysis, workforce implications, and adoption barriers for small-scale processors:
Cost and Investment: Machine learning solutions, particularly those involving deep learning models like CNN, require significant upfront investments in hardware, software, and training. However, the long-term benefits, such as increased productivity, reduced error rates, and better product quality, can provide a strong return on investment. For small-scale processors, assessing these costs against the potential improvements in efficiency is crucial.
Workforce Implications: The shift to automated systems powered by machine learning will reduce reliance on manual labor but will increase the demand for specialized skills, such as data science and machine learning expertise. Small-scale processors may face challenges in recruiting or training the workforce necessary to manage and maintain these systems.
Acceptance Barriers: Small-scale processors may be hesitant to adopt advanced technologies due to the initial cost, lack of technical expertise, and concerns about integrating new technologies into existing workflows. Financial support, such as government subsidies or low-interest loans, as well as training programs, could help address these barriers and encourage adoption.

[bookmark: _GoBack]8.Conclusion
This review summarizes the application and development of machine learning in grain processing and quality inspection, covering theoretical frameworks (algorithm evolution, model construction, data systems), practical applications (quality detection, real-time monitoring), and industrial status. Core achievements include algorithm upgrades (from traditional methods to deep learning) with >98% accuracy in multiple inspection tasks, intelligent model optimization for process control, and data security solutions via blockchain. Existing challenges involve model interpretability, cross-scenario standardization, data heterogeneity, and technology accessibility in developing regions. Future value lies in multimodal fusion, green intelligence, and policy-supported industrialization, which will optimize grain supply chains, enhance food safety, and provide technical support for global food security and sustainable development of the grain industry.
The author(s) confirm that no artificial intelligence tools, including but not limited to Large Language Models (such as ChatGPT or COPILOT) or text-to-image generators, were used in the creation, writing, or editing of this manuscript.
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